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1  | INTRODUC TION
Rice (Oryza sativa)	 is	arguably	the	most	 important	crop	worldwide.	
Approximately	 3.5	 billion	 people	 globally	 rely	 on	 the	 cultivation	
and	 distribution	 of	 rice	 for	 food	 and	 economic	 security.	Given	 its	
economic	 importance,	 considerable	 efforts	 are	 continually	 made	
to	maximize	productivity.	However,	environmental	 factors	such	as	
drought,	salinity,	high	heat,	and	submergence	are	major	constraints.	

























principle	 states	 that	 transcriptionally	 coordinated	 genes	 are	 often	
functionally	 related.	Once	co‐expression	modules	are	 identified,	 it	
is	challenging	to	determine	which	modules	are	associated	with	the	




component	 (PC)	 of	 a	 specific	module	 (Virlouvet	 et	 al.,	 2018).	 The	
first	PC	accounts	for	the	largest	variance	of	the	gene	expression	for	







average	patterns	may	 fail	 to	 identify	modules	 associated	with	 the	
trait.
To	reveal	the	substructure	of	modules	and	identify	submodules	








tical	 accuracy,	 computational	 feasibility,	 and	broad	 applicability	 to	
adaptation.	In	this	work,	we	applied	LASSO	to	the	gene	co‐expres‐
sion	network	of	rice	with	salt	stress	to	discover	key	genes	and	their	
interactions	 for	 salt	 tolerance‐related	 phenotypes.	 LASSO‐based	
methods	were	 applied	 to	 different	 biological	 research	 before.	 For	
example,	it	has	been	used	GWAS	analysis	(Wu,	Chen,	Hastie,	Sobel,	
&	 Lange,	 2009),	 eQTL	 analysis	 (Cheng,	 Zhang,	 Guo,	 Shi,	 &	Wang,	
2014),	 transcriptome	 assembly	 (Li,	 Feng,	&	 Jiang,	 2011),	 and	 gene	
regulatory	 network	 analysis	 (Gustafsson,	 Hornquist,	 &	 Lombardi,	
2005).	However,	it	is	the	first	application	of	LASSO	method	for	the	
identification	 of	 submodules	 in	 gene	 co‐expression	 networks	 in	
plants.
2  | METHOD AND MATERIAL S
2.1 | Plant growth conditions and phenotyping
All	phenotypic	data	were	collected	from	large‐scale	phenotyping	of	
a	diverse	panel	of	rice	varieties.	The	greenhouse	conditions	and	ex‐










was	 maintained	 at	 25–28°C	 with	 relative	 humidity	 at	 50%–80%,	
and	a	photoperiod	of	16	hr:8	hr	 (day:night).	Seedlings	were	germi‐
nated	 in	 the	dark	 for	2	days,	exposed	 to	 light	 for	12	hr,	 and	were	

























tub	 nested	 within	 replication,	 accession,	 and	 accession‐by‐period	
interaction.




Diversity	Panel	1	 (Zhao	et	 al.,	 2011)	 and	consist	of	34	 subspecies	
Indica,	while	52	accessions	were	from	subspecies	Japonica.	For	each	
accession,	gene	expression	profiles	of	shoot	tissues	were	measured	
for	 both	 control	 condition	 and	 salt	 condition	 after	 exposing	 the	
rice	 seedlings	 to	6	dS/m	 (~60	mM	NaCl)	 salt	 stress	 for	24	hr.	The	
RNA‐seq	data	 can	 be	 accessed	 through	GEO	database	 (Accession	
#:	GSE98455).





short	 reads	 were	 mapped	 to	 the	 rice	 Genome	 (version	 6)	 using	
TopHat	 (Trapnell,	 Pachter,	 &	 Salzberg,	 2009),	 allowing	 up	 to	 two	
base	mismatches	per	read.	Reads	mapped	to	multiple	locations	were	
discarded.	Numbers	of	reads	in	genes	were	counted	by	the	HTSeq‐
















than	0.25	were	kept.	Among	 the	 total	of	57,840	 rice	genes,	8,953	








2.4 | Algorithm for linking phenotyping data to 
submodules in gene co‐expression network
Figure	 1	 shows	 the	 workflow	 of	 the	 algorithm	 to	 link	 phenotyp‐
ing	data	 to	submodules	 in	 the	gene	co‐expression	network.	For	all	









correlated	 genes	 with	 a	 statistical	 test	 based	 on	 the	 broken‐stick	
model.	The	details	of	this	test	are	described	in	the	following	sections.
2.5 | Variable selection with LASSO






F I G U R E  1  Flowchart	of	the	algorithm	to	link	phenotyping	data	
to	submodules	in	the	gene	co‐expression	network
4  |     DU et al.
where Yi	are	the	phenotypic	response	for	the	i
th (i = 1…92)	genotype,	
Xi(jk)	is	the	PC	matrix	that	Xi(jk)	represents	the	log2	PC	value	from	the	j
th 













2.6 | Identification of significant genes with broken‐
stick model
After	significant	PCs	selected	by	the	linear	regression,	we	developed	a	




















variables	X = (X1, X2,…, Xk)	have	the	following	PMF	(Equation	):	
In	our	 case,	 to	make	 sure	 that	X	 follows	uniform	distribution	 in	
the	kth	dimension,	αi (0 < i < K)	was	set	as	one.	The	sampling	process	
was	repeated	for	10	thousand	times,	and	for	each	time,	the	resulting	
lengths	were	further	sorted	in	the	descending	order	x(1) < x(2) < … < p(m) 
< … < x(k).	Values	of	x(m)	from	10	thousand	simulations	would	be	used	
to	construct	the	corresponding	empirical	distribution	E(m).	Meanwhile,	
the	proportions	of	contribution	denoted	as	p(m),	of	genes	in	the	module	
were	sorted	in	the	descending	order	p(1) < p(2) < …p(m) < … < p(k). The 
value	of	p(m)	was	then	compared	with	upper	quantile	of	E(m).
2.7 | Real data‐driven simulation







up	 correct	 expression	 patterns,	 for example,	 PCs,	 than	 the	 simple	
correlation	 comparison.	 In	 the	 simulation,	 the	 real	 PC	matrix	 con‐
taining	51	PCs	from	17	gene	modules	was	used,	and	the	same	8	PCs	
selected	by	LASSO	with	real	data	were	assumed	to	be	positives	to	
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other	four	had	the	same	negative	number.	The	maximum	coefficient	
size	 from	 the	 real	 data	 analysis	 is	 .1596,	 and	 the	minimum	 size	 is	
.034.	Based	on	the	scale	of	the	original	coefficients,	coefficient	se‐
ries	 in	our	simulation	 is	 .03,	 .05,	 .1,	 .15,	 .3,	and	 .5.	For	each	effect	
size,	we	did	100	simulations.	However,	PCs	set	to	have	a	non‐zero	
effect	size	are	the	same	as	what	we	picked	from	real	data	analysis.	
Moreover,	 the	 signs	of	 their	 coefficients	are	unchanged,	and	 their	








2.10 | GO term enrichment analysis
GO::TermFinder	 (Boyle	et	 al.,	 2004)	was	used	 to	 identify	modules	
significantly	enriched	by	genes	belonging	to	GO	terms.	The	p value 
was	 calculated	 with	 hypergeometric	 distribution	 and	 further	 ad‐




3.1 | Phenotypic data and gene co‐expression 


























3.2 | Module features selected by LASSO
Once	co‐expression	modules	are	identified,	we	next	sought	to	iden‐




relation	between	eigengenes	and	 the	physiological	 trait	 (Virlouvet	
et	 al.,	 2018).	However,	 genes	 in	 a	module	 identified	 in	 the	 co‐ex‐







PC	matrix	 (total	 of	 51	PCs	 from	17	modules).	Only	 top	 three	PCs	
were	 taken	 from	each	module	because	 the	higher‐order	PCs	have	
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minimum	mean	squared	error,	 and	 the	corresponding	value	of	 the	
parameter	is	.0429.	Therefore,	eight	PCs	were	identified	as	the	op‐
timal	 feature	set.	 In	other	words,	eight	significant	PCs	 from	seven	







tion	 is	a	 small	part	of	 the	entire	 transcriptome.	The	 last	 step	 is	 to	
identify	 genes	 significantly	 associated	with	 the	 selected	PCs.	This	
step	was	 implemented	with	a	statistical	test	based	on	the	broken‐
stick	model.	 In	on	gene	module,	the	contribution	of	genes	to	a	PC	
is	 considered	as	 the	 lengths	of	broken	pieces	 from	a	 stick.	Sorted	
contributions	of	genes	would	be	compared	with	the	upper	quantile	






of	 significant	 genes	 for	 nine	PCs	 from	eight	modules	 are	 listed	 in	
Table	2.	The	distributions	of	genes	with	respect	to	the	correlation	to	
each	specific	PCs	are	shown	in	Figure	5.	One	may	note	that	selected	
genes	 for	 a	 second	or	 third	PC	 in	 each	module	 form	a	 small	 peak	
before	a	large	peak,	which	further	indicates	there	are	substructures	
in	modules.	For	second	and	third	CPs,	the	selected	genes	are	a	small	
F I G U R E  3  For	LASSO	training	result,	the	cross‐validation	errors	
were	plotted	against	varying	log(λ)	values	in	the	search	range
TA B L E  1  Significant	submodules	after	LASSO	selection	based	on	their	coefficient	values
Module # 4 6 7 11 14 15 16
1st	PC    −.0325  −.0111  
2nd	PC      .0862 .0869
3rd	PC −.0275 .01257 .0463  .0889   
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portion	of	the	entire	module,	and	these	genes	have	high	potential	to	
respond	to	the	stress.
3.3 | Significant genes selected by LASSO are 
relevant to salt stress
All	selected	significant	submodules	are	enriched	with	genes	in	GO	
terms	 relevant	 to	 salt	 stress	 (Table	 2).	 Some	 of	 them	 are	 genes	












No. of genes in 
submodules
Enriched with genes belong‐
ings GO terms Adj. p‐value
4‐3 891 67 Transport	(20/67) 1.9 × 10−5
6‐3 313 53 Response	to	stress	(16/53) 1.58	×	10−5
7‐3 184 24   
11‐1 110 110 Response	to	stress 7.86	×	10−9
14‐3 46 3   
15‐1 46 18 Response	to	abiotic	stimulus .0089
15‐2 46 8   
16‐2 34 7 Cellular	homeostasis	(3/7) 4.46 × 10−12
TA B L E  2  Overview	of	all	significant	
modules
F I G U R E  5  The	distributions	of	genes	with	respect	to	the	correlation	to	each	specific	PCs.	




the	 third	PC	 in	Module #4	are	enriched	with	genes	 in	 “Transport”	
(p‐value	=	1.9	×	10−5).	For	example,	gene	LOC_Os01g37690	encodes	
a	protein	in	NCX	family	and	this	protein	also	has	a	CAX	domain	H+/
Ca2+	 exchanging.	 The	 sodium/calcium	 exchanger	 protein	 that	 can	
maintain	 cellular	 homeostasis	 of	 Ca2+	 or	 Na+.	While	 one	 calcium	
ion	is	pumped	outside	of	the	cell,	three	sodium	ions	would	be	trans‐
ported	into	the	cell	in	exchange.	This	process	could	work	in	another	
direction	 depending	 on	 the	 concentration	 gradient	 of	 ions	 (Yu	 &	














their	 functions,	and	 interestingly,	 these	functions	are	highly	 rele‐
vant	 to	 salt	 stress.	 LOC_Os12g01530 and LOC_Os11g01530,	 two	
ferritin	homologs,	are	function‐unknown	genes	in	rice,	but	their	ho‐
mologs	in	other	plants	have	functions	to	store	ferrous	iron	in	chlo‐
roplasts	 in	a	non‐toxic	 form	and	 to	protect	plants	 from	oxidative	













In Module #7,	 there	 are	 184	 genes,	 but	 24	 genes	 consist	 of	
the	 submodule	 represented	 by	 the	 3rd	 PC.	 Out	 of	 24	 genes,	 the	
most	 interesting	 gene	 is	 LOC_Os07g19030,	 which	 can	 encode	 a	
tic22‐like	 family	 domain‐containing	 protein.	 Tic22,	 translocon	 at	
the	 inner	envelope	membrane	of	chloroplasts,	 is	majorly	 involved	
in	 protein	 precursor	 import	 into	 chloroplasts	 (Kessler	 &	 Schnell,	









salt	 stress	 (Joshi,	 Dang,	 Vaid,	 &	 Tuteja,	 2010).	 LOC_Os07g14100 
is	 a	 gene	 coding	 a	 polygalacturonase	 (PG),	 one	 of	 the	 hydrolases	
responsible	 for	 cell	 wall	 pectin	 degradation,	 which	 is	 involved	 in	




et	 al.,	 2014).	 Reduced	 violaxanthin	 de‐epoxidase,	 the	 gene	 prod‐








stress	 responses	 in	 rice	 (Tamiru	 et	 al.,	 2015).	The	 gene	product	 of	
LOC_Os02g14680	 is	 a	 UDP‐glucuronosyl	 and	 UDP‐glucosyl	 trans‐
ferase	domain‐containing	protein	and	that	of	LOC_Os01g71670	is	a	
glycosyl	hydrolase.	Both	genes	are	related	to	glcosylation.	It	is	known	
that	 glycosylation	 is	 important	 for	 plants	 to	 respond	 to	 stresses;	
manipulation	 of	 glycosylation	 alters	 tolerance	 to	 biotic	 and	 abiotic	
stresses	 (Bowles,	 Isayenkova,	 Lim,	&	Poppenberger,	 2005;	Bowles,	
Lim,	 Poppenberger,	 &	 Vaistij,	 2006).	 LOC_Os10g38140	 encodes	 a	
glutathione	 S‐transferase,	 by	 which	 the	 salt	 stress‐induced	 lipid	
peroxidation	 is	 reduced	 (Katsuhara,	 Otsuka,	 &	 Ezaki,	 2005).	 LOC_
Os11g30500	 is	 an	HVA22	protein	 gene.	 In	Barley	 and	Arabidopsis,	
aleurone	 cells	 transformed	with	HVA22	 inhibited	 the	 formation	of	
GA‐induced	formation	of	vacuoles	and	programmed	cell	death	(Guo	
&	Ho,	2008).	Since	vacuoles	are	important	for	Na+	storage,	HVA22	




4.1 | Linking gene expression to phenotypic data
The	gene	co‐expression	network	models	have	been	used	for	the	ex‐
ploration,	interpretation,	and	visualization	of	the	relationship	among	




transcriptomic	 data,	 which	 provide	 complementary	 integration	 to	
QTL,	the	linkage	between	phenotyping	data	and	genomic	data,	and	
eQTL,	 the	 linkage	 between	 phenotyping	 data	 and	 transcriptomic	
data.	 Co‐expression	 network	 analysis	 was	 combined	 with	 eQTLs	
     |  9DU et al.
(Villa‐Vialaneix	 et	 al.,	 2013),	 studying	 gene‐phenotype	 association	
(Ficklin,	Luo,	&	Feltus,	2010),	and	GWAS	(Schaefer	et	al.,	2018).	The	
discovered	gene	submodules	and	genes	 in	these	submodules	from	
the	method	described	 in	 the	manuscript	 can	also	be	 further	 com‐
bined	with	eQTL,	QTL,	and/or	GWAS	to	prioritize	genes	responding	
to	stress.
4.2 | Response to stress with multiple submodules
To	link	modules	to	phenotype,	the	naive	way	(Virlouvet	et	al.,	2018)	
is	 calculating	 the	 correlation	 between	 physiological	 traits	 and	 ei‐
gengenes	 of	 given	modules,	 which	 are	 defined	 as	 the	 first	 PC	 of	
a	 specific	module,	 accounting	 for	 the	 largest	variance	of	 the	gene	














the	weight	parameters	of	 submodules	 assigned	by	LASSO	can	 re‐
flect	the	size	of	their	contributions	to	the	entire	system.
















expression	 patterns,	 a	 specific	 set	 of	 PCs,	when	 compared	with	
direct	selection	based	on	correlation.	The	details	of	the	algorithm	
about	the	simulation	are	described	in	the	section	of	Method.






















high,	 the	power	of	 the	 LASSO	method	 is	 significantly	higher	 than	
that	 of	 correlation	method.	 In	 practical	 research,	 biological	 anno‐
tation	 and	 GO	 annotation	 could	 further	 help	 remove	 those	 false	
positives.
From	Figure	7,	one	can	see	 that,	as	 the	effect	size	 increases,	
the	 PR	 AUC	 values	 for	 both	 LASSO	 method	 and	 correlation	
method	 increase.	A	 sharp	 increase	 could	 be	 observed	when	 the	
effect	 size	 reaches	 .08.	When	we	 have	 low	 effect	 size,	 like	 .03,	
.05,	and	 .08,	there	 is	no	difference	between	LASSO	method	and	







To	 link	 gene	 co‐expression	 network	 to	 stress	 phenotype	 data,	
a	 linear	model	 based	 on	 LASSO	method	was	 applied	 to	 the	 gene	
co‐expression	 network	 of	 rice	 with	 salt	 stress	 to	 discover	 key	
genes	and	their	interactions	for	salt	tolerance‐related	phenotypes.	
Submodules	 in	 gene	modules	were	 identified,	 and	 the	 linear	 rela‐
tionship	between	these	submodules	and	physiological	responses	of	
rice	under	salt	 stress	was	discovered.	Genes	 in	 these	submodules	


















QD	 designed	 the	 study	 and	 implemented	 the	 algorithm.	MC	 pre‐





R E FE R E N C E S
Abbas,	 G.	 (2015).	 Interactive	 effects	 of	 salinity	 and	 iron	 deficiency	
on	 different	 rice	 genotypes.	 Zeitschrift für Pflanzenernährung und 
Bodenkunde,	178(2),	306–311.
Anders,	S.	(2010).	HTSeq: Analysing high‐throughput sequencing data with 







&	 Khurana,	 J.	 P.	 (2017).	 Analysis	 of	 drought‐responsive	 signalling	
network	in	two	contrasting	rice	cultivars	using	transcriptome‐based	
approach. Scientific Reports,	7,	42131.
Bowles,	 D.,	 Isayenkova,	 J.,	 Lim,	 E.	 K.,	 &	 Poppenberger,	 B.	 (2005).	
Glycosyltransferases:	Managers	of	small	molecules.	Current Opinion 
in Plant Biology,	8(3),	254–263.
Bowles,	 D.,	 Lim,	 E.	 K.,	 Poppenberger,	 B.,	 &	 Vaistij,	 F.	 E.	 (2006).	
Glycosyltransferases	of	lipophilic	small	molecules.	Annual Review of 
Plant Biology,	57,	567–597.
Boyle,	 E.	 I.,	Weng,	 S.,	 Gollub,	 J.,	 Jin,	H.,	 Botstein,	D.,	 Cherry,	 J.	M.,	 &	















Eizenga,	G.	C.,	Ali,	M.	 L.,	 Bryant,	 R.	 J.,	 Yeater,	K.	M.,	McClung,	A.	M.,	
&	McCouch,	S.	R.	(2014).	Registration	of	the	Rice	Diversity	Panel	1	
for	genomewide	association	studies.	Journal of Plant Registrations,	8,	
109–116.
Famoso,	 A.	 N.,	 Zhao,	 K.,	 Clark,	 R.	 T.,	 Tung,	 C.	 W.,	 Wright,	 M.	 H.,	
Bustamante,	 C.,	 …	McCouch,	 S.	 R.	 (2011).	 Genetic	 architecture	 of	
aluminum	 tolerance	 in	 rice	 (Oryza	 sativa)	 determined	 through	 ge‐









     |  11DU et al.









strained	 inference	and	biological	 validation.	 IEEE/ACM Transactions 




nase.	Theoretical and Applied Genetics,	109(2),	377–383.
Jiang,	 Y.,	 &	 Deyholos,	 M.	 K.	 (2009).	 Functional	 characterization	 of	





Kadarmideen,	H.	N.,	 &	Watson‐Haigh,	N.	 S.	 (2012).	 Building	 gene	 co‐
expression	 networks	 using	 transcriptomics	 data	 for	 systems	 biol‐
ogy	 investigations:	Comparison	of	methods	using	microarray	 data.	
Bioinformation,	8(18),	855–861.




Kessler,	 F.,	&	 Schnell,	D.	 (2009).	 Chloroplast	 biogenesis:	Diversity	 and	











to	RNA‐Seq	based	transcriptome	assembly.	Journal of Computational 
Biology,	18(11),	1693–1707.
Liu,	 H.,	 Ma,	 Y.,	 Chen,	 N.,	 Guo,	 S.,	 Liu,	 H.,	 Guo,	 X.,	 …	 Xu,	 Y.	 (2014).	
Overexpression	of	stress‐inducible	OsBURP16,	the	beta	subunit	of	
polygalacturonase	1,	decreases	pectin	content	and	cell	adhesion	and	
increases	abiotic	stress	sensitivity	in	rice.	Plant, Cell and Environment,	
37(5),	1144–1158.
Ma,	 J.,	 Gao,	 X.,	 Liu,	 Q.,	 Shao,	 Y.,	 Zhang,	 D.,	 Jiang,	 L.,	 &	 Li,	 C.	 (2017).	
Overexpression	of	TaWRKY146	increases	drought	tolerance	through	
inducing	 stomatal	 closure	 in	Arabidopsis thaliana. Frontiers in Plant 
Science,	8,	2036.
Qiu,	 Y.,	 &	 Yu,	 D.	 (2009).	 Over‐expression	 of	 the	 stress‐induced	
OsWRKY45	 enhances	 disease	 resistance	 and	 drought	 tolerance	 in	




Secco,	 D.,	 Jabnoune,	 M.,	 Walker,	 H.,	 Shou,	 H.,	 Wu,	 P.,	 Poirier,	 Y.,	 &	
Whelan,	J.	 (2013).	Spatio‐temporal	transcript	profiling	of	rice	roots	
and	shoots	 in	 response	 to	phosphate	 starvation	and	 recovery.	The 
Plant Cell,	25(11),	4285–4304.
Song,	Y.,	Jing,	S.,	&	Yu,	D.	(2009).	Overexpression	of	the	stress‐induced	
OsWRKY08	 improves	 osmotic	 stress	 tolerance	 in	 Arabidopsis. 
Chinese Science Bulletin,	54(24),	4671–4678.
Tamiru,	M.,	Undan,	 J.	R.,	Takagi,	H.,	Abe,	A.,	Yoshida,	K.,	Undan,	 J.	Q.,	
…	Terauchi,	R.	 (2015).	A	 cytochrome	P450,	OsDSS1,	 is	 involved	 in	
growth	and	drought	stress	responses	in	rice	(Oryza	sativa	L.).	Plant 
Molecular Biology,	88(1–2),	85–99.
Tan,	M.,	 Cheng,	D.,	 Yang,	 Y.,	 Zhang,	G.,	Qin,	M.,	 Chen,	 J.,	…	 Jiang,	M.	
(2017).	Co‐expression	network	analysis	of	the	transcriptomes	of	rice	
roots	 exposed	 to	 various	 cadmium	 stresses	 reveals	 universal	 cad‐
mium‐responsive	genes.	BMC Plant Biology,	17(1),	194.
Trapnell,	 C.,	 Pachter,	 L.,	 &	 Salzberg,	 S.	 L.	 (2009).	 TopHat:	Discovering	
splice	junctions	with	RNA‐Seq.	Bioinformatics,	25(9),	1105–1111.




Virlouvet,	 L.,	 Avenson,	 T.	 J.,	 Du,	Q.,	 Zhang,	 C.,	 Liu,	 N.,	 Fromm,	M.,	 …	
Russo,	 S.	 E.	 (2018).	 Dehydration	 stress	 memory:	 Gene	 networks	
linked	 to	 physiological	 responses	 during	 repeated	 stresses	 of	 zea	
mays.	Frontiers in Plant Science,	9,	1058.
Wang,	P.,	Li,	Z.,	Wei,	J.,	Zhao,	Z.,	Sun,	D.,	&	Cui,	S.	 (2012).	A	Na+/Ca2+ 
exchanger‐like	protein	(AtNCL)	involved	in	salt	stress	in	Arabidopsis. 
The Journal of Biological Chemistry,	287(53),	44062–44070.

























Additional	 supporting	 information	 may	 be	 found	 online	 in	 the	
Supporting	Information	section	at	the	end	of	the	article.	
How to cite this article:	Du	Q,	Campbell	M,	Yu	H,	et	al.	
Network‐based	feature	selection	reveals	substructures	of	
gene	modules	responding	to	salt	stress	in	rice.	Plant Direct. 
2019;3:1–11. https	://doi.org/10.1002/pld3.154
